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Abstract. In continual learning, inversion-based replay reconstructs sur-006 006

rogate inputs from the trained model and replays them instead of real007 007

past data, mitigating catastrophic forgetting in the exemplar-free setting.008 008

However, the success of such methods largely depends on signals that are009 009

difficult to extract from the model, as discriminative backbones discard010 010

a significant amount of information. Based on this observation, we study011 011

whether a backbone designed to be inverted could be used as the main012 012

component of such methods. To this end, we consider a pseudo-invertible013 013

backbone and compare it with a parameter-matched ResNet-32 in an014 014

online class-incremental learning setup. Our results on CIFAR-100 show015 015

that, among the data-free approaches we consider, inversion replay best016 016

preserves old-class knowledge, and that the pseudo-invertible backbone017 017

improves old-class accuracy from 9.5 to 18.6 under the same inversion018 018

setup.019 019

Keywords: Continual learning · Exemplar-free · Model inversion · In-020 020

vertible backbone · Catastrophic forgetting021 021

1 Introduction022 022

Continual learning (CL) updates a model on a sequence of tasks; we focus on023 023

class-incremental learning (CIL), its most challenging setting, where new classes024 024

are added while previous training data are no longer available, making deep025 025

models prone to catastrophic forgetting (CF) [6, 17, 20]. To mitigate this phe-026 026

nomenon, exemplar replay is a simple but strong mechanism to preserve old-task027 027

information [12,13]. However, in exemplar-free settings that rule out storing real028 028

samples, the challenge is to recover a useful replay signal without a buffer.029 029

Besides regularization and parameter isolation [20], exemplar-free CL can030 030

replay a signal recovered from the model; such methods differ mainly in where031 031

it is produced. Generative replay synthesizes samples with a separate genera-032 032

tor [4, 14, 18], trained on the fly or pretrained [5], while latent or prototype re-033 033

play stores and reuses compact representations rather than images [9,10]. Model-034 034

inversion approaches instead synthesize pseudo-inputs around a trained model,035 035

using constraints on features, batch-normalization statistics, or class-wise distri-036 036

butions [11,15,16,19]. These methods improve how replay is generated, but the037 037

backbone is rarely treated as the main design variable.038 038
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Fig. 1: Backbone-aware model inversion. Each cone is the set of inputs matching one
old-class target: wide and ambiguous for a ResNet-32, contracted to a substantially
less ambiguous preimage by the pseudo-invertible backbone, giving usable replay and
better retention.

Discriminative backbones are hard to invert: pooling discards spatial detail039 039

and non-injective activations collapse distinct inputs to one response, leaving040 040

inversion underconstrained and reliant on extra statistics or losses to be usable041 041

for replay [11, 16, 19]. The difficulty thus stems partly from the backbone, not042 042

only the inversion procedure.043 043

We therefore treat the backbone, not the inversion objective, as the design044 044

variable for model-inversion replay (Fig. 1). i-ResNets give a fully invertible ref-045 045

erence point, since their contractive residual blocks admit a tractable inverse [1];046 046

we relax this into a pseudo-invertible backbone that keeps a practical inverse047 047

path even under online single-pass training. On online CIFAR-100 this yields048 048

better old-class retention than a same-budget non-invertible ResNet under iden-049 049

tical inversion, against no-replay and real-old-oracle references.050 050

2 Backbone-Aware Model Inversion051 051

Let gθ : X → Z be a classifier backbone and let z⋆ be an internal replay target.052 052

Standard model inversion retrieves a pseudo-input x̂ by solving053 053

x̂ = argmin
x

d(gθ(x), z
⋆) +R(x), (1)054 054

where R encodes data priors or external constraints, and d is a metric in the055 055

latent space Z. This optimization is often underconstrained. Consequently, the056 056

less information the backbone preserves, the more the inversion depends on R to057 057

produce usable pseudo-inputs. This is further exacerbated in online CL: a model058 058

trained for a single online pass yields much noisier inversions than one trained059 059

for 20 offline epochs (Fig. 2), pointing to lower feature recoverability.060 060

We instead reduce this ambiguity architecturally, building a pseudo-invertible061 061

backbone (the morph) from invertibility-preserving components. Following the062 062

invertible-network literature [1], it avoids destructive downsampling (an injective-063 063

padding stem and squeeze downsampling preserve dimensions) and keeps each064 064

residual block close to contractive through spectral normalization and a small065 065
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Fig. 2: Optimization-based inversion under matched settings. Left: a latent inverted
through a ResNet-32 trained for a single online pass (left) vs. 20 offline epochs (right);
far noisier online. Right: pseudo-invertible (morph) versus non-invertible (ResNet-32)
backbones on two held-out examples; columns: original, untrained morph, untrained
ResNet-32, trained morph, and trained ResNet-32.

per-stage residual scale, which makes the feature map near-injective and its in-066 066

version well-posed. Unlike strictly invertible networks, it uses standard batch067 067

normalization for discriminative training, inverted at replay time through its068 068

running statistics. Because we only encourage contraction rather than certify a069 069

Lipschitz bound, replay does not rely on a guaranteed fixed-point inverse: we070 070

recover the pseudo-input by minimizing the feature-matching objective of Eq. 1.071 071

Under matched settings, the morph reconstructions stay closer to the target than072 072

the ResNet-32’s (Fig. 2).073 073

3 Evaluation Protocol074 074

The experiments are conducted on CIFAR-100 [7], training the classifier incre-075 075

mentally, online, on five tasks of 20 classes each, each seen in a single pass. Eval-076 076

uation is performed without task identity, on all seen classes. We consider the077 077

exemplar-free class-incremental setting: no past images are stored (only compact078 078

per-class statistics), and old-class replay is synthesized by inverting the current079 079

model. The inversion recipe follows PMI [16], originally offline, adapted to this080 080

online regime where old-class information cannot be refined over many passes081 081

but only tracked as the model drifts. We compare three conditions: no replay, in-082 082

version replay, and real-old replay as an upper-bound oracle. ResNet-32 and the083 083

pseudo-invertible backbone are evaluated under the same replay protocol and084 084

at matched parameter count. A standard ResNet-32 (∼0.47 M) is much smaller,085 085

so we width-double it (∼1.86M) to match the morph (∼1.7 M); if anything it is086 086

slightly larger, so the gap is not a capacity effect. We report the accuracy over all087 087

seen classes measured after the final task (Acc), the accuracy on old (previously088 088

seen) classes (Old), and the forgetting measure (F ), i.e. the mean per-task drop089 089

from peak to final accuracy (lower is better) [3].090 090

4 Results and Discussion091 091

(1) Retention: model inversion vs. regularization (Table 1). On the morph back-092 092

bone, data-free regularization does not mitigate forgetting: LwF [8] and ACE [2]093 093
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Table 1: Online CIFAR-100 5 × 20, one pass per task. Top block: data-free methods
on the morph backbone against the real-replay ceiling; only inversion replay (ours)
recovers old-class accuracy. Bottom block: the same inversion recipe on a ResNet-32,
whose oldest classes collapse. All methods are data-free except the real-old oracles
(real images, upper bound). Inversion (ours) and the oracles are means over three
seeds; the regularization baselines are shown at their most favorable seed, which favors
them. T1/T2 are the two oldest tasks’ final accuracy. MMD is the unbiased feature-
space MMD (diagonal excluded) between inversions and real old-class features in each
backbone’s penultimate space, three-seed mean (std 0.07 and 0.18); lower is closer, n/a
for real replay.

Method Acc ↑ Old ↑ F ↓ T1 T2 MMD ↓

Morph backbone
Online fine-tuning 7.8 0.0 38.8 – – –
LwF 8.4 0.1 36.3 – – –
ACE 9.8 4.2 27.4 – – –
Inversion (ours) 17.6 18.6 6.3 17.8 14.4 0.17
Real-old (oracle) 26.5 26.6 4.8 27.2 21.8 –

ResNet-32 backbone
Inversion 12.1 9.5 13.5 1.6 1.5 0.44
Real-old (oracle) 27.3 26.3 6.2 26.8 21.2 –

remain at the fine-tuning floor, with little old-task retention (old≤ 5, F ≥094 094

27). Model-inversion replay, in contrast, retains old-class information (old 18.6,095 095

F 6.3), improving old-class retention from at most 4.2 (ACE) to 18.6 and recov-096 096

ering about 70% of the real-image oracle.097 097

(2) The gain from the pseudo-invertible backbone. The same inversion-replay098 098

recipe fails on a ResNet-32: its oldest tasks collapse to near chance (T1 1.6, T2099 099

1.5) while the morph keeps them alive (T1 17.8, T2 14.4). Under real replay the100 100

two backbones are on par (the ResNet-32 is if anything slightly stronger, 27.3101 101

vs. 26.5 Acc), so the gap is not a capacity or backbone-strength effect. Under102 102

inversion, however, it is decisive: the morph reaches 17.6/18.6 (Acc/Old) against103 103

12.1/9.5 for the ResNet, and on the oldest task it recovers about 65% of its real-104 104

replay oracle, the ResNet only 6%. This points to coverage: the ResNet’s final-105 105

checkpoint inversions lie about 2.5× farther from the real old-class distribution106 106

than the morph’s (feature-space MMD 0.44 vs. 0.17, Table 1), consistent with107 107

poorer coverage of that distribution rather than merely weaker optimization.108 108

Conclusion. In online exemplar-free CL the bottleneck is old-class retention,109 109

which data-free regularization such as LwF and ACE leaves largely unaddressed.110 110

Model-inversion replay addresses it when the backbone is sufficiently amenable to111 111

inversion: our pseudo-invertible backbone recovers a significant part of the real-112 112

replay ceiling, where a parameter-matched ResNet-32 collapses. This positions113 113

backbone design as a promising direction for inversion-based continual learning,114 114

and a starting point for broader evaluation.115 115
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